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ABSTRACT

The use of hyperspectral imaging is a valuable piece of technology used in precision
agriculture. Hyperspectral imaging system could help farmers and researchers alike in analyzing
tissue samples quicker compared to the current way of running a plant tissue analysis on the
different nutrient levels that often takes time in generating results. The objective of this research
was to measure the potassium level of peach trees using its leaves with a hyperspectral camera.
The Senop HSC-2 was used to capture images of peach tree leaves during the fall of 2020 and
2021. The collected data were used to create a model using Principal Component Analysis
(PCA) to determine the hyperspectral camera’s suitability in detecting the three nutrient levels
(high, medium, and low) of peach tree leaves and Partial Least Square (PLS) regression to
predict the exact concentration of K nutrients. Four pre-treatment methods were applied to the
raw data analysis to address the multiple shifts in the plot due to the varying schedules of data
collection. Multiplicative Scatter Correction (MSC), Savitzky-Golay in the first derivative
(SGolay-1), Savitzky-Golay in the second derivative (SGolay-2), and Standard Normal Variate
(SNV) were applied to the raw data.
Results from this research show that the R2 values of the pre-treatment methods were
0.8099, 0.6723, 0.5586, and 0.8446 respectively. Results show that the SNV prediction model
had the highest R2 and lowest RMSE. SNV was used to predict the K nutrient for validation of
the data. The result shows a lower R2 of 0.8101 compared to the training samples. Samples were
submitted to the Clemson Agricultural Service Laboratory for nutrient sampling immediately
after images of the samples were captured using the hyperspectral camera. Based on the result of
the PCA, the model yielded a result of 93% of the total variability adequately described in two
Principal Components (PC). The number of components increased to 6 in PLS using the SNV
ii

method due to the prediction of the different nutrient amounts of the high, medium and low
potassium levels.
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CHAPTER ONE
INTRODUCTION

The top three peach producing states are California, South Carolina (SC), and Georgia
(Statista, 2022). As of 2020, the total peach production amounted to 617,760 tons and a total
value of $521 million with California contributing as the top state with 468,000 tons valued at
$308.4 million. SC is next to California, producing 76,500 tons contributing a value of $67
million in the state agricultural economy (AgMRC, 2021). Georgia amassed 65,000 tons and
contributed to a value of $71 million in the economy (Akins, 2021).
Potassium (K) is a type of inorganic cation and a macronutrient needed for optimal plant
growth as an essential plant nutrient (White and Karley, 2010). K is also in charge of activating
several dozens of necessary enzymes (greater than >40) to aid in photosynthesis, protein
synthesis, sugar transport, and Nitrogen (N) and Carbon (C) metabolism (Xu et al., 2020).
Moreover, K is important to improve crop yield and fruit quality (Ghanem and Mimoun, 2010).
Over application of potassium in crops can lead to deficiency and imbalance of different
nutrients which cause stunted growth, chlorosis, and yellowing of the leaves (Taylor, 2012). In
peach trees, potassium competes with Calcium (Ca) and Magnesium (Mg) uptake (Taylor, 2012).
Excessive levels of either of the nutrient can cause deficiency in others.
Peach trees (Prunus persica L. Batsch) is an important fruit crop because of the overall
impact it provides to the economy around the world as well as the overall nutritional value it
contributes to the human body. Additionally, peaches are one of the most in-demand fruits
consumed worldwide (USDA, 2020). China, Spain, and Italy are the largest producers of peaches
in the world accounting for roughly 66% of the global supply (WorldAtlas, 2022 & Tridge
2022). The United States ranks the fifth as the largest producer of peaches next to Greece which
1

(WorldAtlas, 2022). The United States produced over 927,178 tons of peaches in the year 2020
(Atlas Big, 2020). As the population and economy of the world continues to grow, so does the
demand and production of peaches in different countries.
Mature peach trees require nitrogen (N) and potassium (K) plus other nutrients to encourage
vegetative growth and promote adequate fruiting. Deficiency in potassium could have adverse
effects in peach trees. Under K deficiency, poor root growth, fruit growth and color, leaf
chlorosis, necrotic spots in leaves, and incurred losses and expenses could affect the overall
profit of farmers.
The agricultural and food sectors play a huge role to the overall contribution in the economy.
Crops like peaches is a top commodity in the state of California, South Carolina, and Georgia.
Currently, farmers and researchers make use of a plant tissue analysis by drying samples at a
certain temperature and grinding them to fine powder is the traditional way of conducting
analysis. This manner is quite time consuming in generating results. Making use of a technology
that is rapid and non-invasive and could produce accurate results to the detection of nutrients and
diseases is helpful to farmers and researchers alike in addressing tissue nutrient concentrations in
a timely manner and therefore, minimizing crop yield losses. With the advancement of
technology, Hyperspectral Imaging (HSI) system could be used as a more rapid approach to
generating accurate results in practices.
The use of hyperspectral imaging originated at NASA’s Jet Propulsion Laboratory following
the launch of what was formerly referred to as the Earth Resources Technology Satellite (ERTS
1) in 1972 and now commonly known as Landsat 1 (Goetz, 2011). The first portable field
reflectance spectrophotometer (PFRS) was developed to analyze the Coconino plateau in Central
Arizona where samples were captured at 30 seconds per image. The use of HSI technology is a
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popular method not only used in precision agriculture but also in medical applications through
disease detection, diagnosis and image guided surgery, and military use to address defense
challenges in the 21st century (Sankaran et al., 2013). In agriculture, remote sensing has been
used in disease detection to analyze the changes in the spectral reflectance as an indicator of the
physiological stress of crops (Sankaran et al., 2011; Sankaran et al., 2013) to reduce the impact
the disease has caused and at the same time to provide proper intervention. With HSI system,
hundreds of bands are involved per pixel depending on the camera configuration in a spectral
domain. Over time, HSI systems have been more advanced and improving, allowing for a fast,
efficient, and effective way of data gathering in precision agriculture. The most recent
advancement in HSI systems makes use of the frame-based approach which minimizes the
amount of time to acquire spectral images compared to the traditional way of acquiring data
through push broom technology.
Hyperspectral imaging is a popular method used to analyze a wide spectrum of light instead
of just the primary colors (red, green, blue) in each pixel. The aim of hyperspectral imaging is to
obtain the spectrum from each pixel in the image. Principal Component Analysis (PCA) is a
common approach to multivariate analysis and often used when analyzing hyperspectral data in
nitrogen detection in crops (Min et al., 2006), soil organic matter mapping (Steffens et al., 2014),
and plant disease detection (Xie, et al., 2021). Due to the mathematical properties involved with
PCA and the complexity of data in HSI, PCA could provide an understanding in the different
algorithms involved in multivariate analysis.
The reason on why HSI gets the term “spectral” is due to the signals being measured in a
spectral channel. The channels are normally linked to the reflectance in infrared imaging in mass
spectroscopy. Common types of mass spectroscopy used in HSI are infrared, magnetic resonance
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imaging, Raman, and UV-Vis (Gallagher, & Lawrence, 2020). HSI can obtain multiple images in
a single sample.
Studies applying imaging systems in nutrient detection and interaction has been growing.
Visible/Near-Infrared (VIS-NIR) spectroscopy and modeling techniques has been used to
analyze the interaction effects between nitrogen, phosphorus, and potassium nutrients in sugar
cane leaves (Wang et al., 2019). The data processing procedures conducted by Wang et al., in
sugar cane leaves made use of spectrophotometer and pre-treatment methods that focused on
Multiplicative Scatter Correction (MSC), Savitzky-Golay (SG) first derivative, and second
derivative. Making use of the pre-treatment methods allows for the maximized effective
information of the spectral data and outliers like noise, stray light, and other factors. A full
wavelength range was used to create a prediction model for each nutrient. Based on the analysis,
nitrogen and potassium showed higher correlations compared to phosphorus in certain spectral
ranges. Moreover, results of the performance of the different PLS models increased as pretreatment methods were applied to the raw spectral data (Table 1.1). The K prediction model
showed the highest accuracy with Savitzky-Golay second derivative showed the highest R2.

Table 1.1. Performance of the different PLS models for the three nutrients based on different pre-treatment methods

Precision farming is used to improve traditional practices and at the same time produce
accurate and efficient analysis results. The application of hyperspectral imaging, specifically
near infrared imaging can also be used to monitor nitrogen, phosphorus, potassium, and sulfur
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(S) in wheat crops (Mahajan et al., 2014). A hand-held ASD Fieldspec spectro-radiometer was
for identifying the most sensitive reflectance region of the N-P-K-S concentration of the leaves
and canopy. A positive significant correlation result is showed in the youngest leaf and canopy.
The use of Unmanned Aerial Vehicle (UAV), multispectral imagery, and Artificial
Intelligence (AI) has also been used to determine different leaf nutrient concentration.
Particularly, in citrus fruits, the use of UAV based multispectral camera was used along with the
leaf samples that were collected was used for analysis (Costa et al., 2021).
When dealing with a lot of samples, HSI is most useful in gathering data that serves as a
more rapid approach for analysis. High resolution images can be captured with the system. A lot
of pixels is gathered simultaneously in an image and can also be used to determine signals that
are not relevant in the analysis. The hypotheses of this study focuses on:
•

There is a correlation between the hyperspectral images and the potassium
content.

•

The hyperspectral camera could determine the K nutrient content of the peach tree
leaves using PLSR
Objectives

Based on the hypotheses, the overall goal of the research was to determine the suitability
of the hyperspectral camera in predicting the different potassium nutrient content of peach
leaves. The specific objectives were:
1. Determining the three K nutrient concentrations based on the hyperspectral data gathered
at different data collection schedules using Principal Component Analysis; and
2. Predicting the exact K nutrient concentrations using Partial Least Square Regression from
the raw data analysis of the hyperspectral data.

5

Multivariate analysis (MVA) involves more than one statistical variable at a time based on
observation and analysis (Mengual-Macenlle, 2015). MVA is involved in data with multiple sets
of measurements on the concerned subject. In simple terms, multivariate is concerned with
multiple dependent variables that leads to a single outcome. Around the 1950s, when the age of
technology was expanding in terms of computer, MVA played a huge role in the field of geology
and meteorology, and sociology. It is from there those new theories were thought of or proposed
and methods were practiced or tested. Moreover, field applications were also conducted. As the
world progresses with modern computers, analyzing data involving multivariate practices can be
applied to complex statistical analyses. MVA could also be applied not only in agriculture but in
other fields as well. A common example is in business when dealing with project sales of a
company’s project. It is known that there are multiple factors that impact sales. In order to
analyze which variables majorly impact sales can be determined by MVA (Nimkar, 2020). In
general, sales depend on the type of product, capacity, location, marketing tactics, brand
presence, analysis of the competition, product cost, and others. MVA could be applied in most
fields.
PCA can be helpful in HSI when there are many variables involved in the data and a
correlation or redundancy exists between each variable. Moreover, PCA finds a linear
combination and a correlation between the different variables and pixels samples in order to
produce a minimized set of variables. Since PCA is a reduction method, the goal of PCA is to
reduce a large set of variables into a smaller one but at the same time still contain most of the
information in the large set (Jaadi, 2021). When using HSI, researchers are often dealt with
hundreds of bands or wavelengths during analysis. A reduction method like PCA can be
conducted in order to reduce the number of bands or wavelengths.
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Univariate analysis analyzes one variable at a time compared to different treatments
while multivariate analysis takes into account the analysis of multiple variables to different
treatments. A research that focused on processing tomato quality applied both univariate analysis
to compare the effects of the mulch materials (Treatment or material) (Table 1.2) on each crop
variable (physical and nutritional attributes) of a tomato and multivariate analysis to analyze the
effects of the mulch materials to the tomato’s quality (Moreno et al., 2014). Results from the
univariate analysis indicates that the Barley Straw treatment showed the highest results for
soluble solids, dry matter, lycopene and a/b juice compared to the other treatments (Table 1.3).
Similarly, results of the biplot from multivariate analysis indicate that L juice, firmness, soluble
solids and a/b juice are the attributes with the longest vectors (Figure 2.1).

Table 1.2 Characteristics of the mulch treatments (Moreno et al., 2014).

Table 1.3 Effect of mulch treatments on tomato quality (Moreno et al., 2014).
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Figure 1.1 Result of the biplot with respect to the principal component (Moreno et al., 2014)

Aside from the traditional methods of nutrient detection, which is time consuming and
expensive, hyperspectral imaging technologies can also be used for a rapid and continuous
nutrient detection analysis. In crop assessment of different nutrients, spectroscopy has been a
widely used tool for rapid assessment for crop nutrient predictions by using its leaves (Alchanatis
et al., 2005, Cohen et al., 2010, and Thomas et al., 1977). Researchers could use the Visible Near
Infrared Reflectance (VNIR) to estimate certain nutrients like Nitrogen, Potassium, and
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Phosphorus contents of crops and analyze the results by making use of Partial Least Square
(PLS) regression and a Support Vector Machine (SVM) for nutrient estimation where SVM
produced a better estimation (Zhai et al., 2013). A similar study is conducted on the Nitrogen
content estimation of olive leaves where the researchers made use of PLS for analysis (Rotbart et
al., 2013).
The application of multivariate analysis to hyperspectral imaging systems has been used
in determining the quality of lamb meat (Kamruzzman et al., 2012) using a spectrograph and
push broom technology. Push broom technology is a type of line scanner used to take images of
a sample one line at a time. Multivariate and HSI could also be used for predicting nutrients in
crop leaves. A study conducted by Zhang et al. (2013), made use of HSI for the prediction of
Nitrogen, Phosphorus, and Potassium in oilseed grape leaves, where PLS and least square
support vector machines (LS-SVM) were used to correlate the different nutrients to the
wavelengths or spectral data of the leaf samples.
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CHAPTER 2
POTASSIUM CONCENTRATION PREDICTION OF PEACH TREE LEAVES USING A
HYPERSPECTRAL CAMERA AND MULTIVARIATE ANALYSIS

2.1 Objectives
The prediction of the potassium concentration of peach trees using a hyperspectral
camera was conducted by:
•

Collecting leaf sample data of the Prunus persica L. Batsch, capturing images
using the hyperspectral camera, and submit the samples to the Clemson
Agriculture Service laboratory.

•

Selecting three points in the leaf to obtain a raw data analysis on the samples.

•

Developing a model to:
o Detect the different K concentrations of peach tree leaves using PCA
o Predict the exact K concentrations of peach tree leaves using PLS
regression

2.2 Materials and Methods
2.2.1 Field Data Collection
The sample was comprised of leaves of peach tree cultivars at Clemson University’s
Musser Fruit Research Farm (Seneca, SC, USA, 36.41 N, 82.87 W) during the fall of 2020 and
2021 in the months of September, October, and November. The soil present in the orchard has a
clay-loam texture soil type with a 4.6 meg 100g-1 CEC, 33.7% Ca, 2.4 organic matter and a pH of
5.6 in water (Zhou and Melgar, 2018). One row for each K nutrient content (high, medium, and
low) with three trees each were used for this research. During the fall of 2020, five trees for each
10

K nutrient level were chosen upon the recommendation of a staff at the farm. A total of 45 leaves
for each tree were collected for high and medium trees and 50 leaves were collected for low
potassium trees from the midportion or near the base of the tree. Immediately after data
collection, images of the leaf samples were scanned individually on both the front and back side
as shown on Figure 3.1 to determine if there is a significant difference between the front and
back of the leaf.
For the fall of 2021, fifteen leaf samples each were placed in small sample bags; a total of
forty-five young leaves with their petioles attached were collected with were picked around the
tree from the current season’s terminal growth (Figure 3.2) for high and medium potassium
content peach trees and 17 leaf samples were placed in small sample bags with a total of 50
leaves for low potassium trees due to its size. The leaf samples were taken to the Clemson
Agricultural Service Laboratory to conduct a plant tissue analysis. Table 3.1 shows the complete
description of the tree content and bag label for each tree sampled during data collections.

(a)
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(b)
Figure 2.1 Leaf scanning of the (a) front side and (b) back side of the leaf during the fall of 2020.

(a)

(b)

(c)

Figure 2.2 Leaf sample collection for (a) high, (b) medium, and (c) low potassium peach trees.
Table 2.1 Description of high, medium, and low K treatments in the experiment

Bag Name

No. of Samples

Tree No.
12

Orchard No.

K Nutrient

H1_T1_B1
H1_T1_B2
H1_T1_B3
H1_T2_B1
H1_T2_B2
H1_T2_B3
H1_T3_B1
H1_T3_B2
H1_T3_B3
M3_T1_B1
M3_T1_B2
M3_T1_B3
M3_T2_B1
M3_T2_B2
M3_T2_B3
M3_T3_B1
M3_T3_B2
M3_T3_B3
L3_T1_B1
L3_T1_B2
L3_T1_B3
L3_T2_B1
L3_T2_B2
L3_T2_B3
L3_T3_B1
L3_T3_B2
L3_T3_B3

15
15
15
15
15
15
15
15
15
15
15
15
15
15
15
15
15
15
17
17
16
17
17
16
17
17
16

1
1
1
2
2
2
3
3
3
1
1
1
2
2
2
3
3
3
1
1
1
2
2
2
3
3
3

P24K1
P24K1
P24K1
P24K1
P24K1
P24K1
P24K1
P24K1
P24K1
P24K3
P24K3
P24K3
P24K3
P24K3
P24K3
P24K3
P24K3
P24K3
15
15
15
15
15
15
15
15
15

Content Level
High
High
High
High
High
High
High
High
High
Medium
Medium
Medium
Medium
Medium
Medium
Medium
Medium
Medium
Low
Low
Low
Low
Low
Low
Low
Low
Low

2.2.2 Hyperspectral Imaging System
The Senop HSC-2 (Senop, Helsinki, FI), which is a portable hyperspectral camera, was
used to capture images to measure the spectral reflectance of the leaves with wavelengths
ranging from 500nm-900nm. A technical description of the camera is shown in Table 3.2. The
camera came with its own software to control the camera, data visualization, and creating a
script. Since it is a portable camera, one of its advantages was the weight (lightweight) and that
could be used in an indoor lab for capturing sample images. Since the camera has a GPS
positioning system, the device can be attached to a small unmanned aerial system (sUAS). Due
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to the memory capacity of the device, the camera could capture multiple images simultaneously.
This hyperspectral imaging camera was also capable of capturing high resolution images with
true image pixels and an easy interface due to multiple available connections.

Table 2.2 Technical description of the hyperspectral camera (Senop, 2022)

Parameters
Spectral Range
Spectral FWHM
Spectral Step
Spectral Bands
Horizontal FOV
Vertical FOV
Image Sensor
Dynamic Range
Max Image Rate (frames /s)
Image Resolutions
Exposure time
Memory

Connections

Weight
Dimensions (l x w x h)
Positioning
Voltage supply
Inertial Measurement Unit
Adjustable optics
Live Use
PC-software
Data export

Specifications
400-1000 nm
5-10 nm
0.1 nm
up to 1000
36.8°
36.8°
CMOS
10-12 bits
74 (12 bit)
149 (10 bit)
1024x1024
Adjustable
1TB
GigE RJ-45
USB 2.0 type-C
Mini-Displayport v1.2
IO port with UART and 4GPIO pins
MMCX for external GPS antenna (if
needed)
986 g
199.5 mm x 130.9 mm x 97.2 mm
GPS and BeiDou
7-17 VDC
Gyroscope
3 axis accelerometer
Focus distance: ∞ - 30 cm
External display can be attached
Senop HSI-2
Standard ENVI

2.2.3 Spectral Data Collection and Analysis
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The camera was placed on a makeshift stand using an aluminum extrusion metal to
capture steady images for data analysis with a 500-watt halogen lamp placed in front of the
samples to serve as a light source for the samples as shown in Figure 3.3. The camera had a
distance of 30.5cm from the calibration panel to capture images of the leaf samples. The setting
for the camera consisted of a 10-bit image setting and 10ms integration time. A total of 9
samples for each tree was selected at random and scanned immediately after data collection
combining three leaves in one scan. Multiple selected points in the leaf (Figure 3.4) were used to
determine the values for each wavelength. The first two leaves served as the training and the
bottom leaf serves
as the testing.

Figure 2.3 Data collection set-up for capturing leaf samples with the hyperspectral camera placed on a steady stand,
a light source, and calibration panel

15

Figure 2.4 Multiple selected points in the leaf that were used for analysis

2.2.4 Data Processing and Modeling
Matlab (2018b, Mathworks, MA, USA) was used for data processing and Unscrambler
(12.1, AspenTech, MA, USA) was used for the validation of results. For every scan that was
collected, a flat plate with three calibration panels (with reflectance values of 87%, 51%, and
23%) was used to produce a calibrated version of the data.
Two methods in creating the model were used in order to determine the nutrient level
content of the peach trees. To determine the hyperspectral camera’s suitability in determining the
different potassium concentrations (high, medium, and low), the first method, the Principal
Component Analysis (PCA) was used. The score shows us the separation of the different K
concentrations.
Since data collection was done multiple times at different months, differences in the
slopes of the results of the raw spectral analysis is expected. To address the shift in the plot of the
raw spectral data, various pre-treatment methods were conducted: Savitzky-Golay -first
derivative, Savitzky-Golay – second derivative as shown in Equation 3.1, Multiplicative Scatter
Correction (MSC), and Standard Normal Variate (SNV) using Equation 3.2.
16

1

𝑦𝑡 = ℎ [∑

𝑛𝑝−1
2
𝑛𝑝−1
𝑖=
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𝑆𝑁𝑉
𝑋𝑖𝑘
=

𝑎𝑖 𝑥𝑡+𝑖 ]
𝑋𝑖𝑘 −𝑚𝑖
𝑠𝑖

Equation 2.1
Equation 2.2

The second method was developed using Partial Least Square (PLS) regression models to
determine the K concentration of the leaves for high, medium, and low K. The K concentration
served as the dependent variable (X) while the wavelengths or bands was the independent
variable (y). Random cross validation of the 20 segments with 6 samples per segment was used
for the PLS regression algorithm. This algorithm was used to develop the set of orthogonal
projection axes weights (W) and scores (T) to develop the following equations:
X = TPT + E
Equation 2.3
y = TqT + f
Equation 2.4
*
T = XW
Equation 2.5
W* = W(PTW)-1
Equation 2.6
All the PLS models made use of the full wavelength range from 500nm-900nm. The pretreatment method with the highest R2 and lowest Root Mean Square Error (RMSE) was used for
the PLS model.

2.3 Results and Discussion
2.3.1 Raw Data Analysis of the Measured K Nutrient Concentration
Three points in each leaf (Figure 3.4) were selected for raw analysis to determine the
relationship between the wavelength and reflectance of the sample. Since the samples were
collected at varying times (September, October and November) during the fall, the K
concentrations showed multiple baseline shifts (Figure 3.5) between the ranges of 510nm-644nm
and 645nm-691nm.

17

Figure 2.5 Raw spectral data from the selected random samples of the peach tree leaves

2.3.2 Principal Component Analysis
Principal Component Analysis was the first model that was conducted to predict the three
levels of potassium concentration. Since one of the goals was to determine the correlation of the
different wavelengths or bands to the different K nutrients, PCA was used to analyze the
relationship of the wavelengths. In order to determine if there was a difference between model
and the actual data, principal component was used to measure the discrepancy between them.
The result of the two principal components (Figure 3.6) yielded an accuracy of 93%. Although
increasing the number of principal components was possible, it was not optimal due to the
accuracy of the 2 components already yielding above 90%. Using the third principal component
onwards would have only increased the accuracy for less than 1.2 percent (<1.2%). As a result,
making use of more than two principal components would have not increased the result of the
model significantly. The result of the score plot (Figure 3.7) showed a separation of the high,
medium and low potassium levels and the percent (%) result of the 2 principal components.
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The consistency of the result of the loading plot for high, medium, and low potassium
(Figure 3.8) showed how PCA was able to reduce the original number of bands of 203 down to
22 bands. The plot showed the dominant bands which were correlated with each other. The
positive peaks with bands ranging from 500nm-520nm and 550nm (group 1 and group 3) were
positively correlated from each other while in contrast, the negative peaks at 630nm-640nm and
700nm (group 2 and group 4) were negatively correlated (Table 3.3). However, results from
L3_T2 had a slight differentiation in the result of the dominant bands. Making use of the
resulting wavelengths at 700nm onwards was not optimal due to the magnitude of the bands
were not as high compared to the four dominant bands, as shown on Table 3.3.

Figure 2.6 Explained variance plot of the PCA result
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Figure 2.7 Score plot for the different K nutrient concentrations

(a)
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(b)

(c)
Figure 2.8 Loading plots for (a) high potassium, (b) medium potassium, and (c) low potassium peach trees

Table 2.3 Summary of the dominant wavelengths for high, medium, and low potassium peach trees

Tree
H1-T1
H1-T2
H1-T3
M3-T1
M3-T2
M3-T3
L3-T1
L3-T2
L3-T3

Group 1
500-520
500-520
500-520
500-520
500-520
500-520
500-520
500-510
500-520

Correlated Bands
Group 2
630-640
630-640
630-640
630-640
630-640
630-640
630-640
630-640
630-640

Group 3
550
550
550
550
550
550
550
550
550

Group 4
690
690
690
690
690
690
690
700
690

2.3.3 Partial Least Square Analysis
Addressing the baseline shifts in the raw spectral data (Figure 3.5) was conducted by
performing four pre-treatment methods before developing partial least square models. The four
pre-treatment methods that were employed were: Multiplicative Scatter Correction (MSC)
(Figure 3.9 a), Savitzky-Golay – first derivative (SGolay-1) (Figure 3.9 b), Savitzky-Golay –
second derivative (SGolay-2) (Figure 3.9 c), and Standard Normal Variate (SNV) (Figure 3.9 d).
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From the results of the four pre-treatment methods, SGolay-1 and SGolay-2 had a similar plot
profile. Likewise, both MSC and SNV showed a plot that resembled each other. Applying the
four pre-treatment methods increased the R2 compared to the original PLS model (R2 = 0.3479)
of the raw data as shown in Table 3.4. Across the four pre-treatment methods, the SNV pretreatment method showed the highest R2 of 0.8446 while the SGolay-2 has the lowest between
the four pre-treatments (R2 = 0.5586). The model with the highest R2, SNV, was used to develop
the PLS model prediction using random cross validation of 20 segments with 6 samples per
segment for the training (Figure 3.10). The testing sample (Figure 3.11) made use of all the input
variables in the full spectral range of 500nm-900nm. The SNV testing model showed an R2 of
0.8101 with an RMSE of 0.3214 (Table 3.5). This result showed a slightly lower R2 compared to
the training model but with a higher RMSE.
Since PLS was used to determine the amount of K concentrations, the number of factors
or components increased to 6 as compared to PCA where only 2 principal components were
employed due to the latter only had three prediction levels of high (2.7%-3.2%), medium (2.0%2.6%), and low (1.3%-1.9%) based on the results of the Clemson Agricultural Service
Laboratory (A sample of exact K nutrient concentration from the Clemson Agricultural Service
Laboratory is shown in Appendix A).
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(a)

(b)
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(c)

(d)
Figure 2.9 Result of the four pre-treatment methods that were used (a) MSC, (b) SGolay-1, (c) SGolay-2, and (d)
SNV

Table 2.4 Result of the PLS prediction models for the different K concentrations of the different pre-treatment
methods
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R2
RMSE

Original-PLS MSC-PLS
0.3479
0.8099
0.6042
0.3182

SGolay1-PLS SGolay2-PLS SNV-PLS
0.6723
0.5586
0.8446
0.4108
0.4857
0.2917

Figure 2.10 Explained variance of the PLS using the SNV pre-treatment method
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Figure 2.11 PLS model result using the SNV method

Table 2.5 Result of the R2 for the training vs testing model using the SNV method

Training

Testing

R2

0.8446

0.8101

RMSE

0.2917

0.3214
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CHAPTER 3
CONCLUSION AND FUTURE DIRECTION

A snapshot hyperspectral camera in the visible to the near-infrared range was used for analyzing
K concentrations of peach tree leaves at Clemson’s Musser Fruit Research Farm located in
Seneca, SC. Nine leaf samples for each tree were chosen at random where three points in each
leaf were selected for analysis. Two methods were employed in model development to predict
the K nutrient levels. The first method made use of the Principal Component Analysis to
determine the three nutrient levels: high, medium, and low and reduce the number of bands or
wavelengths. Since the data were collected at different times, four pre-treatment methods (MSC,
SGolay-1, SGolay-2, and SNV) were used to address the shift from the raw spectral data. Results
from the study showed that:
1. The two principal components from PCA had a total accuracy of 93%. The first principal
component amounted to 84% while the second principal component had an accuracy of
9%.
2. The result from the score plot showed the separation of the high, medium, and low
potassium concentrations. The score plot also showed how making use of two
components was sufficient for the model.
3. PCA was able to reduce the initial number of bands or wavelengths at 203 down to 22
based on the results from the loading. Moreover, the loading showed the peaks of the
positive and negative peaks, which were positively correlated and negatively correlated
from each other.
4. From the four pre-treatment methods that were employed in the research, the SNV
method showed the highest accuracy with an R2 that resulted at 0.8446 which was
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followed by MSC with an R2 of 0.8099. The lowest among the four-pre-treatment method
was the SGolay-2.
5. The SNV prediction model was used for validation that yielded to a lower R2 and higher
RMSE.
Since the model that was developed had a high accuracy result, the hyperspectral imaging
system shows a lot of promise for predicting the potassium concentration of peach trees. The
ability to take multiple images simultaneously gives researchers the ability to analyze results in a
rapidly manner.
Although the results show that the hyperspectral camera used in this research is a suitable
device in nutrient prediction, the analysis of peach tree leaves was restricted to predicting one
nutrient content at different levels. This issue could be addressed by focusing on predicting other
nutrient contents at different levels relevant to peach trees. Additionally, analyzing the effect of
one nutrient in respect to the other could be looked at in future studies.
Another issue with the model prediction was the data collection schedule. Since the
model yielded to high accuracy in the results of the data collected during the months of
September, October, and November, there was no analysis conducted during the other months or
seasons to determine the suitability of the HSI system. Future studies could be focused on
determining the accuracy of the model at different seasons.
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Appendix
Plant Tissue Analysis Result from the Clemson Agricultural Service Laboratory

The plant tissue analysis was used in verifying the potassium concentration of peach trees. These
results were also used for comparison of potassium nutrients for the PLS model, as shown in
Chapter 3 of this thesis.
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ACCOUNT J MAJ A
DATE
1 1 / 0 4/ 20 2 1
j ma j a @c l e ms o n. e du
CROP: Pe a c h e s
============================== LABORATORY RESULTS =============================
LAB#
SAMPLE#
N
P
K
Ca
Mg
S
Cl
- - - - - - - - - - - - - - - - - - - - - - - - - - - - - %- - - - - - - - - - - - - - - - - - - - - - - - - - - - - 1 10 54 3 H1 T1
1. 89
0. 23
3. 61
1. 96
0. 56
0. 13
1 10 54 4 H1 T2
1. 90
0. 19
3. 74
2. 08
0. 46
0. 14
1 10 54 5 H1 T3
1. 94
0. 17
3. 27
1. 84
0. 47
0. 14
1 10 54 6 M3 T1
2. 01
0. 33
3. 08
1. 90
0. 55
0. 14
1 10 54 7 M3 T2
2. 05
0. 19
3. 32
1. 94
0. 49
0. 15
1 10 54 8 M3 T3
2. 22
0. 19
3. 76
1. 81
0. 47
0. 15
1 10 54 9 L3 T1
2. 04
0. 17
1. 85
2. 78
0. 80
0. 16
1 10 55 0 L3 T2
2. 24
0. 18
1. 92
2. 38
0. 76
0. 16
1 10 55 1 L3 T3
2. 17
0. 17
1. 71
2. 32
0. 77
0. 16

LAB#

SAMPLE#

1 10 54 3
1 10 54 4
1 10 54 5
1 10 54 6
1 10 54 7
1 10 54 8
1 10 54 9
1 10 55 0
1 10 55 1

H1 T1
H1 T2
H1 T3
M3 T1
M3 T2
M3 T3
L3 T1
L3 T2
L3 T3

Zn
Cu
Mn
Fe
Na
B
Al
NO3 - N
- - - - - - - - - - - - - - - - - - - - - - - - - - - - p pm- - - - - - - - - - - - - - - - - - - - - - - - - - - - 12
4
112
64
44
10
4
78
56
44
15
4
74
94
41
9
4
52
49
30
10
4
61
66
38
10
4
41
66
32
33
5
169
77
63
35
5
130
2 18
54
35
4
217
55
53

-----------------------------------------------------------------------------NUTRI ENT SUFFI CI ENCY LEVELS FOR Pe a c h e s
N( %) 2 . 7 5- 3 . 50
Ca ( %) 1 . 5 0- 2 . 50
Zn( p p m) 2 0 - 5 0
Fe ( p pm) 6 0+
P( %) 0 . 1 2- 0 . 30
Mg ( %) 0 . 2 5- 0 . 50
Cu( p p m) 5 - 2 0
B( p p m)
2 0- 8 0
K( %) 1 . 3 0- 3 . 20
S( %)
0 . 1 2- 0 . 40
Mn( p p m) 2 0 +
-----------------------------------------------------------------------------The Ag r i c ul t u r a l Se r v i c e La bo r a t o r y i s a pu b l i c s e r v i c e o f Cl e ms o n Un i v e r s i t y ,
a n a f f i r ma t i o n a c t i on a nd e qu a l o pp or t u ni t y e du c a t i o n a l i n s t i t u t i on .
** h t t p: / / www. c l e ms o n. e d u / a g s r v l b * *
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